Agriculture plays a huge role in farmer's livelihoods in Africa. With the adverse effect of climate change on agricultural productivity, developing agricultural technologies that are adaptive to climate change is one of the perquisites for agricultural development. Gliricidia intercropping is one of the climate smart agricultural innovations; that is being promoted by most researchers. Gliricidia intercropping has many benefits. Despite evidence of such benefits, there exists some missing literature on the impact of Gliricidia intercropping on farmer's economic livelihoods. The study used cross sectional data collected by ICRAF in Kasungu district which sampled 406 households and employed a Propensity Score Matching method to analyze the effect of Gliricidia intercropping on smallholder farmer's incomes. Results showed that among the observable factors used to match participants and non-participants, hired labour, age, education level, soil type, perception of soil fertility and access to extension services significantly affected participation in Gliricidia intercropping. The Average Treatment Effect on the Treated showed that Gliricidia intercropping improves the economic livelihoods of farmers by increasing household monthly income by MWK 38,565.83 ($54) at 1 percent significant level. The study went further to conduct sensitivity analysis using the Rosenbaum bounds, and found that unobserved heterogeneity has to increase the odds ratio of participating in Gliricidia intercropping by 10-60 percent before it can negate the estimated ATT. The study then recommends promoting the adoption of Gliricidia intercropping by capitalizing on the factors that influence participation or adoption of Gliricidia intercropping in order to improve smallholder farmers' incomes and hence their livelihoods.
Introduction
The importance of agriculture in farmers' livelihoods in Africa cannot be understated. According to Collier (2007) , almost 90 percent of poor people in the continent live in rural areas and most of them depend on farming for their daily food, income and employment. This shows that the agricultural sector is mainly in the hands of small scale farmers who employ traditional methods of production. On the contrary, developing agricultural technologies that are adaptive to climate variability is one of the prerequisites for agricultural development and economic growth in Africa (World Bank, 2014) .
According to Shikuku (2015) , enhancing farmer's adaptive capacity to climate change and improving food security is at the center stage of many policies in the modern world. World Bank (2014) pointed out the need for intensifying the efforts of promoting climate smart agriculture. Numerous climate smart agricultural technologies have been developed over the past decades. Gliricidia fertilizer tree technology is one of the highly promoted climate smart agricultural innovation that is not only locally appropriate but also helps improve resilience of farming systems to climate variability (Akinnifesi et al., 2010) .
Malawi is one of the countries in Sub-Saharan Africa with scarce land, cheap labour, high cost of inputs especially fertilizer but at the same time highly deficient in nitrogen in spite of the fact that the staple crop maize is nitrogen demanding. Many scholars have studied the benefits of fertilizer tree technologies including Gliricidia with the rationale of promoting them (Akinnifesi et al., 2006; Akinnifesi et al., 2010; Mafongonya et al., 2006) . Akinnifesi et al. (2010) found that adoption of fertilizer tree systems increase crop yield and improve soil health. However, a question still remains of whether these benefits are big enough to affect livelihood outcomes like smallholder farmer's household incomes. Hence the need for a study to link the adoption of fertilizer tree technologies and the impact they have on incomes of smallholder farmers in Malawi. Evaluation of agricultural innovations is really essential as it provides policy makers with information which can help achieve national policies and hence achieve the SDG One of zero poverty by 2030.
Methodology

Empirical Framework
This section presents the analytical technique used by the study to meet its objective. Impact analysis studied involves comparing two scenarios or groups to ensure that the difference is only attributable to the intervention. The choice of the impact analysis technique however lies on the choice of the counterfactual and the presents of baseline data. The subsections introduces and specifies the Propensity Score Matching technique to impact analysis, the steps followed and the sources of data used.
The Propensity Score Matching Method
According to Wooldridge (2015) , modelling participation or adoption of a particular technology or innovation can better be presented as a household utility model. With the utility model, the household decides to participate or adopt a technology depending on the utility the household expects to derive from the net returns earned from participating. Therefore, Utility derived by an individual farming household i from adopting Gliricidia intercropping can be presented as follows;
Where ( ) is the expected utility of the ith farmer derived from adopting or not adopting Gliricidia intercropping based on a set of observed covariates given by the function ( ) which consist of household specific and institutional specific factors. is the stochastic error term.
According to Khandker et al. (2010) , the first stage of the PSM model involves estimating the probability of participation and getting the predicted estimates as propensity scores. This stage was analyzed by the logit model. Following (Wooldridge, 2015) , the logit model can be presented as follows;
Where Y i is a binary variable that takes either values of 1 or 0, Y i * is a latent variable that indexes participation in Gliricidia intercropping, X is a vector of socioeconomic and institutional variables and Β is a vector of parameters to be estimated.
is the stochastic error term. According to Liebenehm et al. (2011) , the predicted or estimated propensity scores from the logit model can be defined as;
Thus the scores estimated are strictly between the [0, 1] interval (Harder et al., 2010) as the scores follows a probabilistic distribution based on the observable characteristics (X i ).
In order to analyze the impact of Gliricidia intercropping on economic livelihood indicator of household expenditure, the Average Treatment effect of the Treated (ATT) was estimated. Following (Caliendo & Kopeing, 2008) , the Average Treatment effect of the Treated can be presented as follows;
(6) Where E P(X) is the expected probability with respect to the distribution of the propensity scores estimated, Y 1 and Y 0 are the outcome variables in the Gliricidia intercropping adopters and non-adopters respectively, Z is participation taking the values 1 for the adopters and 0 for the non-adopters. The ATT shows the difference between the adopters and non-adopters based on the estimated propensity scores which were estimated on the observable covariates represented by the vector X.
We have hence established that the PSM model constructs a comparison group based on the observable characteristics through a binary choice model and estimates propensity scores: P(x) = Pr (T=1| x). Then under conditional independence and presence of common support assumptions, matching on propensity scores of x is as good as matching on x (Khandker et al., 2010) . These assumptions can be illustrated as follows; are independent of the treatment assignment T.
Conditional Independence ( ) ┴ | (7) Under the common support assumption or the overlap condition, treatment observations should have comparison observations based on the observable covariates used to estimate the propensity scores.
Common support 0 < ( = 1| ) < 1 (8) Next is to specify the balancing test. According to Khandker et al. (2010) , the balancing test is used to specify whether the mean propensity score and the mean of the observable factors are the same within each quantile of the propensity score.
Balancing Test ( | = 1) = ( | = 0) (9) Lastly, the estimated ATT has to be checked if it is robust to unobserved heterogeneity. This is achieved by conducting sensitivity analysis. According to Khandker et al. (2010) , we have to check whether the treatment effect is affected by unobserved factors. In order to test for this, we assume participation in Gliricidia intercropping is affected by both observed and unobserved factors. We can hence specify the sensitivity analysis as follows; Sensitivity Analysis = Pr( = 1| ) = ( + Г ) (10) Where Г is the effect of the unobserved factors on the participation decision. If the results are free from hidden bias, the value of Г is zero. Khandker et al. (2010) hence suggests a bounding approach to identify the critical level of Г that unobserved factors may assume before negating the estimated ATT.
Sources of Data
The study used data collected by the International Centre for Research in Agroforestry (ICRAF) in 2017. ICRAF implemented a project in Kasungu where farmers adopted fertilizer tree technologies including Gliricidia for four years. This study focused on Gliricidia and evaluated the impact that Gliricidia had on the livelihoods of its adopters in Kasungu district of Malawi. The total sample size was 406 smallholder farmers.
Results and Discussion
Descriptive Statistics
Descriptive statistics for adopters and non-adopters were computed before the matching was done. The pretreatment variables chosen to match adopters and non-adopters were all chosen from economic theory and previous studied on agroforestry technologies (Akinnifesi et al., 2010) . The chi-square test and student t-test for categorical and continuous variables respectively were used to compare the sample Gliricidia adopters and non-adopters. From the observable factors, there were no significant differences in the adopters and non-adopters based on age of the farming household head, land size, gender, access to credit and land tenure. However, there exists some initial bias between adopters and non-adopters based on education, household size, access to extension, perception of soil fertility and soil texture. 
Results of the Econometric Model
The first stage of the PSM model was to estimate the propensity scores using the logit model in order to analyze the observable factors affecting adoption of Gliricidia intercropping. The propensity scores estimated were then used to match adopters and non-adopters. Table 2 shows the results of the participation model.
The overall model was significant at 1 percent (p= 0.0000<0.01). The observable covariates were categorized into household specific and institutional factors. Marginal effects were estimated in order to identify the factors that determine participation. As hypothesized; age, education level, perception of soil fertility and hired labour were among the household specific characteristics that positively affected participation in Gliricidia intercropping. Access to extension services was the only institutional factor that significantly and positively affected participation in Gliricidia intercropping. Dark clay soil under soil texture negatively affected participation in Gliricidia intercropping.
The significant positive effect of age may be because older farmers have enough maturity and experience and hence use that in adopting Gliricidia fertilizer tree intercropping technology. Again, the significant positive effect of education may be because educated household heads easily understand the importance and management of agroforestry practices. With regards to hired labour, agroforestry practices tend to be labour intensive hence the positive sign. The negative significant effect of dark clay soil however signifies the fertility of clay soils which reduces the probability of adopting the fertility improving technology. With regards to institutional factors, the positive significant effect of access to extension services might be because extension services involve information essential for adoption and management of agroforestry. There are a number of matching algorithms that can be used to match participants and non-participants. These include the kernel matching, caliper matching and the nearest neighborhood matching. All these matching algorithms match participants with non-participants with at least similar propensity scores. The choice of the best matching algorithm however lies on choosing the one with a large matched sample size, low pseudo-R square, large number of insignificant variables after matching and low standardized mean bias (Khandker et al., 2010) . The study tested different matching algorithms at different band widths and radiuses. From Table 3 below, kernel matching of band width of 0.1 turned out to be the best matching algorithm as it had a low pseudo-R square, large number of insignificant covariates after matching and the smallest mean bias between the participants and the non-participants after matching. Thus kernel matching of band width 0.1 was selected to match participants and non-participants and then estimate the Average Treatment effect of the Treated. 
Matching Quality
Following Caliendo and Kopeinig (2008) , checking for the matching quality is another important step in analyzing the validity of the propensity scores. This step involves checking the common support region so that only participants and non-participants of similar characteristics are compared to each other when estimating the ATT. Figure 1 shows the distribution of the propensity scores. The common support assumption is satisfied as adopters and non-adopters have been matched based on the observable characteristics. This stage involves the estimation of the impact of adopting Gliricidia intercropping using the selected outcome variables. Thus after estimating the ATT, we can safely conclude that any significant difference between the adopters and the non-adopters can only be attributed to adopting Gliricidia intercropping alone. The significant differences were analyzed based on one outcome variable, which is the total of household expenditure that was a proxy for household income.
From Table 4 , before matching was done, the average expenditure of Gliricidia intercropping adopters was MWK 154,171.89 (US$1=MWK730) and that of non-adopters was MWK 110,731.17 meaning that before matching, on average adopters had their expenditures MWK 43, 440.71 more than those of non-adopters. After matching and controlling for all factors, the difference between the average expenditures between Gliricidia intercropping adopters and non-adopters reduced to MWK 38, 565.83 but it was still significant at 1 percent level of significance. This implies that adoption of Gliricidia intercropping has a positive and significant effect on expenditure or incomes of farming households and thus improving their economic livelihoods. The difference in expenditures or incomes between the adopters and non-adopters can in this case be attributed to Gliricidia intercropping and Gliricidia intercropping alone. 2.87*** ***, ** and * represent significance at 1%, 5% and 10% respectively.
Robustness of the Results
According to Khandker et al. (2010) , the last step of PSM technique is to check for the robustness of the results. Results in impact analysis can be affected by unobserved heterogeneity. Thus we estimate values of Gamma that the observed variables would have to increase the odds ratio of participating in Gliricidia intercropping before it can affect the estimated ATT (Jema and Belaineh, 2017) . From Table 5 , the results show that the matching was of good quality. According to Caliendo and Kopeinig (2008) , the acceptable range of the mean of the standardized bias (SB) should be 3-5 percent after matching. The mean SB of 4.2 percent is thus within acceptable range. With regards to cases lost to the common support (CS), only 1 case was lost which was reported as off-support. This gives a 0.25 percent loss which according to Khandker et al. (2010) is within acceptable range. Thus a good standardized bias, fairly low percentage of cases lost to common support and a very low pseudo-R square indicates the quality of the matching indicators.
With regards to sensitivity analysis, the assumption of un-confoundedness ensures that the estimated effect is not susceptible to unobserved heterogeneity. The Rosenbaum bounds (rbounds) were installed in Stata and sensitivity analysis to unobserved heterogeneity was estimated. For the outcome variable of expenditure, the critical values of gamma (Г) ranged from 1.1 to 1.6. This implies that the unobserved variable should have to increase the odds ratio of participation in Gliricidia intercropping by 10 to 60 percent before it would affect the estimated effect of participation (Loos and Zeller, 2014 Vol. 11, No. 6; 2018 acceptable range, the study safely concludes that the estimated ATT is robust to confounding factors (Rosenbaum, 2002) . 
Conclusions and Recommendations
Fertilizer tree technologies are essential in improving soil fertility and crop yields of smallholder farmers. Gliricidia is one of the fertilizer tree technologies that most farmers intercrop with their maize to improve their crop yields. This study therefore analyzed the effect of Gliricidia intercropping on smallholder farmer's household incomes (proxy expenditures). In order to establish causality between Gliricidia intercropping and the expenditures of smallholder farmers, the study employed the PSM model that matched participants and non-participants based on observable household specific and institutional factors. The study found a significant effect of Gliricidia intercropping on the economic livelihood indicator of expenditure. Expenditure was aggregated and used as a proxy for household income. The ATT for expenditure was significant at 1 percent level of statistical significance showing that the difference between the expenditures of the adopters and non-adopters was due to Gliricidia intercropping. The study hence recommends intensifying extension services and training smallholder farmers on agroforestry practices in order to increase adoption rates of Gliricidia fertilizer trees and hence improve smallholder farmers' incomes.
